The Statistical Coupling Analysis (SCA), introduced by Ranganathan and co-workers, involves weighting the raw correlation scores of pairs of residues by a weight that is derived from the conservation level of each residue in the pair [2, 5]. This function is plotted in Fig. S1A , and does not depend on the alignment or protein phenotype of interest.
These are constructed from the two statistical methods explored in these papers, C 
Mutual Information: C ij = w 
Un-Weighted Statistical Coupling Analysis: C ij = w In general it is hard for more conserved residues to attain a high correlation score, since they change less frequently in the sequence alignment so less information is available about how correlated they are. The absence of a weighting function thus effectively attaches more weight to the correlation scores of residues that are highly variable. A simple method for dealing with this effect is to normalize each column to have unit variance. The particular weighting function, w conserved , used in [2] attaches even more weight to conserved residues than this simple normalization.
We note from Fig. 1 and Fig. S3 that the green sector is particularly sensitive to the choice of weighting function.
This result makes sense, since the green sector contains the catalytic triad, which is universally conserved amongst serine proteases, and is only detected because the serine protease alignment contains a small number of related proteins that have lost catalytic activity. These include 13 haptoglobin sequences, evolutionarily related proteins that bind hemoglobin and lack proteolytic activity. Any coupling signal from a pair of highly conserved residues is necessarily rather faint as there is less information (mutations) available from which to detect coupling. This explains why a weighting function similar to w conserved is necessary to detect the green sector.
To illustrate our approach in a specific example we turn to the blue sector, involved in stabilizing the folded protein [2] . Halabi et al. observe that grouping the sequences by homology of residues in the blue sector separates proteins from vertebrates and invertebrates. Just over half the sequences in the alignment are from vertebrate organisms.
Thus if a residue were to perfectly distinguish between vertebrate and invertebrate proteins, it would be roughly 50% conserved. Hence the optimal strategy for detecting such sites is to weight the coupling score by a function that attains its maximal value around a conservation level of 50% (Fig S3B is an example though many functions fulfill this condition). Figure S3D shows the result of applying PCA to the correlation matrix generated by using the weighting function in Fig S3D to weight the SCA analysis. Note that the green sector is no longer detected by the analysis, while the red and blue sectors are recovered largely intact, though some additional residues group with these sectors.
Detecting Groups of Residues
A phenotype determined by more than two residues will lead to higher order correlations in the sequence alignment.
In many cases this will result in a group of residues that are all pairwise correlated, enabling the matrix of pairwise correlation values to reveal higher order correlations [2, 8, 10] . A single pair of residues might randomly be correlated due, for example, to phylogeny. However, it is considerably less likely for a group of several residues to have above background pair-wise coupling scores by chance. Therefore, the signal-to-noise ratio can be vastly improved by looking for groups of residues that are all pairwise correlated with each other. This reduces the resolution of an algorithm, as individual pairs that are coupled to each other, but not to other positions, will not be detected. Yet in many cases more than two residues will be involved in maintaining the phenotypic property of interest.
One unsupervised method of detecting this structure, used in [2], is to perform PCA. PCA transforms a number of correlated variables into a smaller number of uncorrelated variables called principal components, ordered according to their eigenvalues, i.e. amount of variability that each explains. The structure of the correlation matrix dictates the number of significant principal components. Plotting these components against each other reveals groups of residues that have significant eigenvector coefficients, implying that these residues co-vary, at least to some extent, as groups.
In order to identify residues that have significant eigenvector coefficients, it is necessary to have a null model for the eigenvector coefficients that would be expected if there were no amino acid pairs that were correlated beyond the pairwise correlations expected from descent from a single ancestral sequence. Because the analysis is carried out with a finite number of observations (sequences) there will be noise in the correlation measurements. If we assume that the sampling noise is provided by independent draws from identical Gaussian distributions, then we would expect the eigenvector coefficients to be drawn from a Gaussian distribution with mean zero and variance 1/ √ n where n is the number of sequence residues. To be conservative, we have regarded eigenvector coefficients to be significant if they are larger than 2/ √ n (i.e. two standard deviations) for the Cadherin alignments, and 1.25/ √ n for the Dscam alignments. The threshold was changed for the Dscam alignments because of the small number of sequences in these alignments. While these assumptions are reasonable further experimental data will better inform our thinking about the type of noise that is present.
The analysis in [2] goes a step further than this and uses PCA to identify groups of residues that co-vary independently of each other, and also control distinct phenotypes within the same protein. While it is possible that applying this analysis to the Dscam, Cadherin and Protocadherin datasets might reveal groups of residues responsible for different protein properties, a lack of experimental data prevents us from testing this hypothesis. We note that a similar analysis was not carried out in [8] ; in the section 'Analysis of HK-RR dataset' below we explore the application of this methodology to the HK-RR dataset, and speculate about the possible phenotype that one group of residues might control.
Simulation methods
In these simulations most amino acids evolve independently through a Markov model whose mutation matrix is derived from BLOSUM90 [4] . Specifically, we assume that the sequence consists of 100 sites that follow processes that are Markovian independent, identically distributed and constant in time. For a fixed site P(t) is the vector of state probabilities at time t, then
where Q is the matrix describing the transition rates between the different possible states. In our simulation, the possible states are the 20 amino acids, and the transition rate matrix Q is given by the BLOSUM90 matrix.
The correlations are enforced by requiring that if the first residue of a pair mutates, then the second also mutates; the second residue of each pair is not given the opportunity to mutate alone. We first explore whether the performance of each algorithm depends on the characteristics of the alignments generated. We vary two alignment properties: the average mutation rate and the phylogenetic tree according to which the sequences are generated, which is parameterized by the number of duplication (branching) events that occur (Fig. 3A) . For each set of parameters (mutation rate, # branching events) we simulate ten rounds of replication to generate an alignment of N = 2 10 sequences, and ask whether the correlated mutation algorithms analyzed above can discriminate between those residues constrained to be correlated and those that evolve independently. Each sequence in the alignment has M = 100 residues, of which Q = 20 are constrained to mutate as ten pairs leaving 4940 pairs to mutate independently.
We determine how successful each algorithm is at finding the correlated pairs using the following procedure. A correlation score is computed for each pair of residues in the alignment. We then divide all M (M − 1)/2 distinct residue pairs into two groups; those which mutate independently and those pairs whose evolution is constrained. For each set, we obtain a distribution of correlation scores. The algorithm is able to discriminate perfectly between these two sets if the two distributions of correlation scores do not overlap. As there are many more uncoupled pairs than coupled pairs, statistically it will be difficult to detect the coupled pairs if the distributions overlap substantially. To quantify discrimination ability, we define a metric by dividing the lowest score assigned to a correlated pair by the highest score assigned to a pair that mutates independently.
Analysis of the serine protease dataset
As discussed in the main text, we applied MI, , consisting of weighting function w variable and C M I ij , to the alignment of serine protease residues from [2]. The residues identified by SCA (Fig. S1) , and experimentally shown to control different phenotypes, are largely not identified by MI. In particular no member of the green sector (catalytic triad and associated residues), is identified by any of the MI principal component plots. This immediately raises the question of which residues the unweighted MI analysis identifies in this dataset and, perhaps more pertinently, what phenotypes those residues may influence. If we make the assumption that those residues that control substrate specificity mutate when the specificity changes, then because this alignment contains proteins with at least six different substrate specificities, we would expect an algorithm that up-weights residues that are poorly conserved to detect residues that determine substrate specificity.
Given this hypothesis, it is interesting that there is significant overlap between the set of residues identified by MI with those identified by SCA, consisting of w conserved and C
SCA ij
, and shown to determine substrate specificity (nine shared residues, out of 22 total distinct residues identified by either algorithm). This fact, taken together with the fact that there are at least 6 different substrate specificities well represented in the alignment, suggests that identification of specificity determining residues may be improved by using an intermediate weighting function. We note that applying MI to the serine protease alignment from [2] highlights residues in the S1 pocket and the L1 and L2 loops that were not identified by SCA, but which are known to be involved in determining substrate specificity [3] (Fig. S10A, B) . Specifically of the 29 residues that make up the S1 pocket and L1/L2 loops, 7 are identified by both algorithms, 5 are identified by only SCA, while 6 are identified by only MI. In addition MI identifies two pairs of contacting residues, each of which make contact with the S1 pocket suggesting they could play a role in determining substrate specificity. These predictions would benefit from experimental evaluation.
Analysis of HK-RR dataset
Repeating the mutual information (MI) analysis of the HK-RR sequence alignment carried out in Based on the findings in [2], residues that are both correlated and well-conserved are likely to be involved in maintaining structural stability or controlling catalytic activity. If we use the weighted SCA results to identify residues, and following the methodology in [2] color those residues identified blue, cyan and yellow (Fig. S9 , PCs 2 and 3), we find many residues that are not identified by the unweighted MI analysis. However, the sets of residues identified by each algorithm are not mutually exclusive. In particular the yellow sector identified by SCA is identified largely intact by the unweighted MI analysis. In Fig. S10C these residues are mapped onto crystal structure 1F51 -they form a network of residues within the response regulator that are close in 3D structure but avoid the key interface involving the N-terminal end of the first helix in the response regulator which has been shown to determine interaction specificity [1] . We speculate that the network of yellow residues could control the structural stability of the response regulator. Indeed, if a pair of residues has a high raw correlation score, while both members have intermediate conservation level, the scores under either a weighted or unweighted algorithm could be large enough to warrant identification in both cases. A) Correlated residues are more conserved, the correlated mutation rate is 0.06 while the uncorrelated mutation rate 0.12.
B) Correlated residues are less conserved, the correlated mutation rate 0.06 and the uncorrelated mutation rate 0.03. The histograms on the left show the distribution of scores attained by the SCA algorithm, consisting of weighting function w conserved and C
SCA ij
, while the right panel shows the distribution of scores attained by applying the MI algorithm, consisting of weighting function w variable and C M I ij , to the same data. These simulations find that SCA is able to detect correlated pairs with greater reliability when they are more conserved than uncorrelated pairs, while the reverse is true of MI. 
